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1 INTRODUCTION

Al systems are increasingly trained and evaluated using human feedback. A dominant paradigm for
scalable supervision is single-turn preference labeling and reinforcement learning from human feedback
(RLHF) (Ouyang et al.l[2022). While effective in many settings, single-turn adjudication provides a narrow
interaction structure that can introduce limitations such as emphasis on surface-level presentation and
over-optimization toward proxy reward signals (Ziegler et al.,2020; Moskovitz et al.l[2023). An alternative
proposal is to train and evaluate systems through debate, in which agents present competing arguments
across multiple turns until a judge has sufficient information to adjudicate in favor of truth (Irving et al.,
2018)). Debate has promise for improving Al’s capacity for reasoning and adherence to factuality compared
to single-model baselines (Du et al.| 2023)) and to help humans reach more accurate conclusions when
guided by competing expert arguments (Khan et al., 2024). However, debate is only as reliable as the
adjudication process that converts an interaction into a supervision signal.

The promise of Al debate relies on the assumption that adjudication approximates an ideal and reliable
decision-maker, in which the judge adjudicates in favor of truthful arguments. In practice, human judges ex-
hibit substantial variability and systematic biases. Human adjudication is shaped by cognitive heuristics and
can exhibit high variance even in high-stakes domains with extensive requisite training such as legal decision-
making (Guthrie et al., 2007;|2002). These findings motivate the need to explicitly model the adjudication
process to account for these biases rather than treating this supervision signal as derived from a perfect oracle.

Progress toward realistic adjudication models is limited by data. Existing debate datasets capture valuable
subsets of dialogue (Zhang et al.,[2016; [Tiwari et al.,|2025; |Ruiz-Dolz & Iranzo-Sanchez, [2024; |Abbott
et al., |2016), evidence (Roush et al., 2024; |Abbott et al.| 2016} Greschner et al.; 2025), or outcomes (Zhang
et al., |2016; |Greschner et al., [ 2025; [Tiwari et al., 2025)), but rarely record these components jointly, making
it difficult to model how variations in debate components influence adjudications. This paper presents
a blueprint for collecting structured datasets of debate rounds that couple turn-structured dialogue, evidence
grounding, and adjudication traces (Sec. [2), along with collection protocols for obtaining such data (Sec. [3).
Looking forward, such carefully curated datasets support the development of robust training and evaluation
protocols for debate adjudication grounded in realistic human judgment processes (Sec. ).

2 DATA SCHEMA

Modeling human adjudication requires datasets that holistically capture the full dynamics of a debate round:
what arguments are exchanged, how evidence is weighed, and how judges ultimately arrive at decisions.
Adjudication is a complex cognitive and social process shaped by the structure of interaction itself. Judges
update their beliefs across turns, rely on heuristics when evaluating competing claims, and respond to
persuasion strategies as well as substance. Outcomes can depend on features such as verbosity, confidence,
or emotional framing. Our proposed approach is therefore divided into the following threefold structure.

Debate Dialogues Debate dialogue data should capture the full interaction structure of a debate round
because adjudication unfolds over the course of the round (Zhang et al. 2016; [Tiwari et al.| 2025}
Ruiz-Dolz & Iranzo-Sanchez, [2024; |Abbott et al.l 2016). Recording the debate motion and summary
situates arguments within a debate context, while identifying participants and roles allows analysis of
how credibility, expertise, and speaking position influence judgment. A complete, ordered transcript of
paragraphs linked to speakers, roles, and debate stages enables modeling of belief updates across turns
and the persuasive dynamics of interaction. Additional annotations such as interruptions or laughter help
capture conversational cues that shape perceived confidence and persuasiveness. Together, these variables
make it possible to study how interaction structure affects adjudication outcomes.

Evidence Grounding Evidence grounding must be recorded because judges also evaluate how
arguments are supported in a debate (Roush et al.| 2024; |Abbott et al., [2016; |Greschner et al., 2025).
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Figure 1: Relational schema for a debate adjudication dataset, capturing debate dialogue, evidence
grounding, and adjudication traces. Listed variables are illustrative examples that may be collected. Arrows
indicate contribution relationships; bold denotes primary keys and italics denotes foreign keys.

Linking each piece of evidence to its debate context, source, and excerpt allows analysis of how evidence is
introduced, cited, and used strategically during argumentation. Structured annotations of evidential quality
and argumentative role enable investigation of which properties of evidence, such as credibility, relevance,
warrant strength, or offensive and defensive value, most strongly influence judgment. Collectively, these
variables make it possible to trace how evidence contributes to persuasion and adjudication decisions.

Adjudication Traces Adjudication traces are tuples consisting of the adjudication and the justification
because they collectively reveal how decisions were reached (Zhang et al., 2016} Greschner et al., 2025}
Tiwari et al.| 2025). Capturing both the final judgment and its justification enables modeling of the
reasoning process behind decisions across different debate formats, from audience vote shifts to expert
scoring and rubric-based evaluations. Recording these traces makes adjudication decisions auditable,
reproducible, and learnable for adjudication modeling.

3 DATA COLLECTION PROTOCOLS

This section outlines practical mechanisms for collecting debate data according to our proposed approach.
Debates may include humans and/or Al (i.e., LLM) participants. We describe how debate episodes should
be recorded across different participant configurations (H-H, H-LLM, and LLM-LLM) and how judges’
decisions and reasoning should be captured to support downstream analysis of the adjudication process.

3.1 DEBATER-GENERATED DIALOGUE DATA: ARGUMENT AND CASE DATA COLLECTION

Human-Human Debate Considering that this blueprint can be used to guide novel data collections
or compiling existing data sets, H-H debate transcripts can be assembled from recorded debate rounds,
ongoing debate competitions, and original participant studies. The prompt of the debate and any
inconsistencies with the structure (e.g. interruptions) (Loakes, [2024) and data provenance should be noted
along with the transcription (Chandrasekar et al.l[2024). The use of crowdsourcing is a potential method for
recruiting participants to perform this annotation (Bhuiyan et al.,[2020). If a new H-H debate dataset is to be
collected, especially oral debate data, precise transcription tools should be use to ensure representativeness
of vernaculars and accents of participants (Zolnoori et al.l 2024} |Point & Baruch| 2023)), as such information
may be useful for further analysis or evidence annotation, especially as related to adjudication. Of course,
data collection should be subject to a participant’s informed consent (Shaw et al.| [2025).

Human-LLM Debate The collection of H-LLM dialogue data is similar to the H-H, but with additional
logistics that need a formal structure (Mirkin et al.l 2018). For example, the modality with which the
LLM converses with the human should be documented. In the IBM Debater dataset for example, they use
text-to-audio technology in an attempt to better mimic H-H debate (Slonim et al.| 2021). Another approach
would be a completely text-based debate, in which case design decisions, such as setting an LLM word
limit to better mimic humans (Slonim et al.|[2021), should be documented. Critically, human participants
must know they are debating an LLM and give “genuinely informed consent” to ensure transparency and
safeguard the human debaters (McKee, 2024), (nat, 2021).
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Figure 2: Guidelines for collecting debate adjudication data, spanning debate interactions, evidence
grounding from human and LLM debaters, and human judge adjudication traces.

LLM-LLM Debate LLM-LLM debate can be generally limited to text-only dialogues. Given the
rapidly evolving landscape of LLMs and their capabilities, what and how models is valuable information
for both analysis and reproducibility purposes. For example, current LLMs are prone to providing run-on
or unstructured arguments (Reinhart et al.| 2025). This issue can be mitigated through prompting (Chuang
et al., 2024) (e.g. by prompting the LLM to directly respond to the opponent’s argument); such prompts
should be recorded within the dataset if possible. While there is a practical concern that LLM-LLM
datasets may lead to an overpopulation of low-quality synthetic data (Chim et al., 2025} |Seddik et al.|
2024)), careful collection of the processes used to produce the data can mitigate those risks.

3.2 COLLECTING EVIDENCE COMPILED BY DEBATERS

Evidence grounding data should be obtained by explicitly separating evidence provided by human and
LLM debaters; collection mechanisms therefore differ.

Evidence from human debaters Following the rule from formal H-H competitive debates, participants
must ground their arguments in evidence and cite them throughout their speeches as they are being
referenced (Snider & Schnurer, 2006). When requested (‘““called”), debaters must be able to present “cut
cards” with the cited artifacts (e.g. documents, links, or prepared excerpts) stored as close to their original
form, along with minimal provenance metadata such as source and date. Such evidence relies on what
humans choose to provide or cite throughout the case (Roush et al., 2024} |Snider & Schnurer, |2006). When
it comes to data collection, regardless of an in-round “call,” debaters should provide their true evidence.

Evidence from LLM debaters With LLMs, the approach to evidence collection and disclosure is less
formalized and thus can present space for valuable discussions in the next step. Newest LLM versions
have live access to Internet search, meaning they can have immense advantage over human debaters. To
avoid “web-induced noise,” it’s best to constrain for human and LLM debaters to fixed evidence set (Wang
et al., 2025a). To best mimic human debaters, LLMs should not be prompted to self-report their evidence
but rather cite them when appropriate and disclose when prompted by the opponent (Roush et al.| [2024).

3.3 COLLECTING ADJUDICATION TRACES

As previously mentioned, we are primarily concerned with human judges; as such, the collection of
adjudication traces is relatively straightforward. The judge should report a win/lose outcome at the end
of the round along with a natural language reasoning behind their decision, ideally referring to a rubric
or overall performance. In formal debate competitions, judges are instructed to adjudicate without relying
on topic expertise and instead evaluate arguments solely on the presented evidence (Khan et al., [2024).
Nevertheless, judges’ expertise should still be recorded to aid post-hoc analysis.

4  DOWNSTREAM RESEARCH APPLICATIONS

By centering debate episodes with dialogue, evidence grounding, and adjudication traces, the dataset
schema enables mechanistic analyses of variables of interest and their effects on human judgment. To
that end, we outline several research directions we plan to pursue in the future.



Table 1: Example research directions for modelling adjudication biases using the proposed variables.

Cognitive Bias Debate Dialogue Evidence Grounding Adjudication Traces

Anchoring stage, turn_id speech_position, best_use_timing reason

Halo Effect speaker_id, author_credibility, reason
personnel_id citation_quality, technical_complexity

Confirmation Bias content, debate_relevance, reason
paragraph_id argument_type, counter_argument_resistance

Availability Heuristic content evidence_type, jargon._density, scope-of_impact reason

Framing Effect content, argument_type, offensive_value, reason
paragraph-id defensive_value, warrant_strength

4.1 BEHAVIORAL ANALYSES OF DEBATE DIALOGUE

Due to the granularity of its turn-structured dialogue, the dataset schema yields metadata about the relation
between potential variables of interest. We offer the domain of biases, defined as systematic, unconscious
factors that affect decision-making, as one possible lens through which these variables could be analyzed
(Kahneman et al.,|1982). Since we focus on modeling the human adjudicator, we are especially interested
in identifying cognitive biases as hidden features of debate datasets. In some cases, these biases may be
measured directly through observable signals, but in many settings they remain partially implicit, shaping
judgments in ways that require inference in place of measurement. Drawing inspiration from work that
treats human-centered attributes as latent structure in sequential decision-making models (e.g., Chen et al.,
2018), we intend to use attributes of interest, such as persuasion, honesty, and verbosity, as latent variables
for fitting a model in the debate setting.

We offer an example set of human biases that could be studied in subsequent work (Table [T), drawing
from the cognitive biases specified in Malberg et al.| (2025) and presenting them as proposed latent
features that could be derived from a structured debate dataset. Due to their relevancy to the structural
and cognitive elements of the debate setting, we propose to study five biases: the halo effect, confirmation
bias, availability heuristic, and framing effect. The cognitive bias of anchoring, for example, refers to
the tendency to emphasize the first piece of information received in decision-making processes, and can
be derived using sequential attributes such as turn_id and speech_position (Rezaei,2021).

Though we foreground the biases of the human adjudicator, it is important to note that the growing class
of LLM-specific biases can also affect the outcome of a debate. LLM biases include but are not limited to
egocentric biases (Panickssery et al.l 2024), position bias (Wang et al., |2025b), and sycophancy (Malmqvist,
2025), some of which have parallels in humans but all of which can skew their behavior in a debate setting.

4.2 THE TRAINING AND EVALUATION OF ROBUST DEBATE ADJUDICATION PROTOCOLS

In addition to analysis, well-structured datasets advance debate as a training and evaluation paradigm
(Slonmim et al.| (2021). By identifying the attributes that make debates persuasive to human evaluators,
protocol developers can account for cognitive biases and train debaters to be robust to realistic judge
models. Moreover, reconstructing and auditing single reference frames and entire debate progression
allows for automated checks of evidence faithfulness and citation quality. Future dataset schema can further
adapt adjudication criteria that are poorly specified and integrate attributes that are missing altogether.

5 CONCLUSION

Existing debate datasets rarely capture in one place the dialogue dynamics, evidential support, and
reasoning traces that shape how judges reach decisions, but these components are critical for understanding
the process of adjudication. In this preliminary work, we presented a blueprint for collecting structured
debate adjudication datasets that couple turn-level interaction, evidence grounding, and adjudication
outcomes within a unified schema, alongside practical considerations for debate data collection. By
treating adjudication as a central empirical object of study, this framework enables downstream work on
modeling judge behavior, auditing persuasion and evidence use, and designing debate-based evaluation and
training methods that account for systematic biases rather than assuming idealized supervision by oracles.
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